Abstract-In this letter, a method to automatically retrieve building surface temperature maps using hyperspectral imagery is presented. The approach can be conceptually described by considering two different problems. The first consists in the design of an automatic procedure for the extraction of building surfaces from the hyperspectral image. Such an issue has been addressed using both unsupervised and supervised neural networks. The second problem deals with the retrieval of land surface temperature from the same image. The final step is the merging of the temperature map with the building mask. It is worthwhile to observe that the proposed approach aims at retrieving the temperature values by reducing the manual editing and the use of ancillary data to a minimum level. The obtained results show an accuracy in the building identification of 83.7% and a root-mean-square error (rmse) in the temperature retrieval of 1.59 K. The importance of this methodology has to be considered within the studies on urban heat islands, which is becoming an important issue in urban management politics.
I. INTRODUCTION
T ODAY, the continuous increase in the archives' size and the Earth observation sensors' variety requires new methodologies and tools for information mining and management. With this growth, new approaches for image information mining, multidomain information management, and knowledge management and sharing (in support of information mining) are necessary. An automatic chain, reducing the human assistance in the data analysis, allows to gain time on the entire image processing and can be designed to retrieve information in near real rime (NRT). Such concepts find an important field of application in the monitoring of urban environments, where the knowledge of the changes in either natural resources or man-made structures is a valuable source of information for decision-making processes [1] . Of particular interest in this context is the occurrence and detection of an urban heat island (UHI) phenomenon, which has grown in magnitude over the last decade. High densely built-up areas trap the heat, causing the city centers to be warmer, up to 10
• C, than the surrounding rural areas, and this is often manifested particularly at night [2] , [3] . For the energy balance and urban planning aiming at reducing the number of casualties when temperatures soar, the UHI information can be also updated on a monthly basis. However, the retrieval of temperature should be in NRT to support the civil protection in monitoring the health impact over the weakest population with a daily frequency. 1 The remotely sensed observations of the UHI are possible using satellite and aircraft platforms, and they could open new avenues for their analysis [4] .
In this letter, we aim at the design of a novel and automatic scheme for the estimation of the temperature associated to buildings: This approach relies on a cascade of neural networks (NNs) and retrieval procedures and can represent an important technique to improve cities' energy balance models. The entire process has been tested on an airborne hyperspectral scanner (AHS) image acquired above Madrid in summer 2008, and the results were assessed by comparison with the state of the art on the land surface temperature (LST) retrieval.
II. SUPERVISED AND UNSUPERVISED NNs
Different studies have shown the effectiveness of NN algorithms in extracting information from remotely sensed imagery [5] . A common distinction is made, considering the type of their learning [6] : In a supervised learning network, the training will benefit from the assistance of the teacher, and the desired output is already known; for an unsupervised learning rule, the network is trained without the benefit of any teacher. These networks learn to adapt based on the experiences collected through the previous training patterns, and they are able to reorganize themselves. Hence, an unsupervised NN has no target output, and they find them only by considering the original data structure. Among the supervised methods, the multilayer perceptron (MLP) seems to be the most widely used topology for classifying satellite images [7] . In satellite image classification, the input dimension is often associated to the number of spectral bands, and the output dimension is the number of predefined classes. However, the choice of input bands is not always strictly related to the spectral bands: Band ratios, as well as other features derived by band combinations, or even textural bands could be used to feed the NN instead or in addition to spectral bands [8] . Considering the unsupervised methods, appreciable results in such research fields seem to derive from the application of an NN developed by Kohonen [9] , named the self-organizing map (SOM). A SOM can automatically form 1-D or multidimensional maps of the intrinsic features of the input data. These data are presented in mixed random order to the network which is capable of learning complicated hierarchical relations within the considered high-dimensional spaces. In remote sensing, the SOMs are used to identify the measurement relationships which they can reorganize in several output clusters/classes [10] . In Fig. 1 , it is possible to see a Kohonen map with two dimensions where the neuron η kj is connected with its neighborhood. When an input from the layer w activates a neuron in the η layer, the interaction that the winning neuron (selected with a user-defined rule) establishes with its neighbors is defined according to a neighborhood function, which normally takes a value between zero and one. This interaction determines the modification of the weights dependent on the neighborhood function and the response of the neuron. The η j neuron activity is defined by
where η j is the activity of the jth neuron, ξ i is the ith component of the input, n is the total number of inputs, w ji is the weight of the connection between the jth neuron and the ith input (synapse), γ i is a term that considers the leaks of the process, and η kj is the connection between the jth and kth neurons.
III. APPLICATION TO BUILDING DETECTION
The AHS is an imaging line-scanner radiometer, installed on a CASA-212 200 series aircraft owned by Spain's National Institute for Aerospace Technology (INTA). The AHS instrument has 80 spectral bands covering the visible and near infrared, short-wave infrared, midinfrared, and thermal infrared (TIR) spectral ranges. The imagery analyzed in this letter belongs to the collection of measurements carried out during the Dual-use European Security IR Experiment 2008 campaign and has been taken over the city of Madrid (Spain). The testing image (see left of Fig. 2 ) has been acquired on June 28, 2008 (see Table I ).
To obtain a detailed map of the buildings from the image, it has been decided to use a mixed approach between the unsupervised and supervised methods based on the NN. The concept idea is based on the following: 1) the extraction of clusters of the pixels representing buildings using Kohonen's SOM (unsupervised approach) and 2) the use of the pixels belonging to the extracted clusters to train an MLP-supervised NN (supervised approach). In fact, the training sets for the MLP have been extracted automatically from the image. To define the building signatures, both spectral and textural characteristics have been computed. In fact, particularly in very high resolution (VHR) image analysis [11] , the information on the pixel context (e.g., structures, patterns, and objects) can be significant. A reference building signature which combines not only the spectral parameters but also the textural parameters has then been considered as the standard building signature [12] . In order to analyze the potential of the approach also for VHR multispectral images such as IKONOS or QuickBird, the standard building signature only includes the AHS bands 2 (blue, 0.4836 μm), 5 (green, 0.5717 μm), 8 (red, 0.6586 μm), and 14 (near infrared, 0.8334 μm). As far as the textural parameters are concerned, they have been obtained from the grey level cooccurrence matrix (GLCM). The GLCM describes the frequency of one gray tone appearing in a specified spatial linear relationship with another gray tone, within the area under investigation [13] . From the range of texture parameters which can be calculated from the GLCM, the use of homogeneity (also called the "inverse difference moment") has been chosen as its utilization in urban feature extraction has already been proven effective [8] . Homogeneity weights values by the inverse of the contrast weight. To exploit a multiscale approach, which better deals with objects having different spatial coverages in an area, homogeneity features have been computed with only two different window sizes of 3 × 3 and 5 × 5 on the AHS green band. Indeed, this latter band gave appreciable visual results, and we preferred to avoid using a redundant number of features to feed the following supervised NN. An analysis of the signature over different types of imagery (AHS and QuickBird) and Mediterranean locations (mainly, the Madrid and Rome areas have been considered) revealed a general good stability, particularly as far as the homogeneity parameters are concerned, while the spectral content, as expected, showed some conditioning with the particular building roof material. Therefore, the data set that constituted the input for the unsupervised learning was formed by six bands: the blue, green, red, NIR, and homogeneity of band 2 (from a 3 × 3 window) and the homogeneity-bis of band 2 (from a 5 × 5 window). The values of the input vector were normalized to the range of (−1, +1): This step was necessary, considering that different measure units (radiance and homogeneity) were used. The extracted building pixels have then been used as the training set of a supervised NN performing the ultimate building detection. The mixed approach has been made to improve the classification accuracy observed using only unsupervised methodologies.
A. Network Topologies
Generally, the optimal architecture of an NN is not known a priori for most real-world problems: In this case, the best results (confirmed also by the tests on QuickBird images) have been obtained with a map of 5 × 5 neurons, which seems to be the optimal architecture to detect buildings. It means that each input signal has been compared with all the 25 neurons/weights of the map (where the initial weights of these neurons were set with random values). The winning neuron has been chosen with a minimum distance algorithm based on the Euclidean distance between the input and the neuron. After 100 epochs, the unsupervised training was completed, and the final weights of the 25 clusters were fixed: Between these 25 clusters, two of them could be distinguished as buildings. 6000 pixels from each clusters have been randomly chosen, and they have been sent to the supervised NNs. Once the training sets have been defined, they have been joined together as the input to the supervised NN. A very simple network topology has been chosen, with six inputs, a single hidden layer with eight neurons, and two outputs: After the training of the new network, the entire image has been classified into two classes: buildings and no buildings (see center of Fig. 2 ).
IV. LST RETRIEVAL
In all environmental studies, the LST is one of the key parameters which can be retrieved from TIR remotely sensed data. Most of the energy detected by the sensor in this spectral region is directly emitted by the land surface: Hence, except for the solar irradiance components, most of the fluxes at the surface/atmosphere interface can only be parameterized by means of the surface temperature. Several techniques have been proposed to retrieve the LST from thermal infrared data. In this letter, the LST has been obtained considering a split window (SW) technique [14] : The basis of the technique is that the radiance attenuation for atmospheric absorption is proportional to the radiance difference of simultaneous measurements at two different wavelengths, each subject to different amounts of atmospheric absorption. The SW technique uses two thermal bands typically located in the atmospheric window between 10 and 12 μm. In [15] , a general formula to retrieve the LST for AHS high flights has been defined, and the coefficients have been readapted in [16] . It is based on a combination between the AHS bands 75 (10.07 μm) and 79 (12. where T 75 and T 79 are the at-sensor brightness temperatures at the thermal bands (in kelvin), ε is the mean emissivity of two bands (ε 75 and ε 79 ), Δε is the emissivity difference ε 75 − ε 79 , and W is the total atmospheric water vapor content (in grams per square centimeter). From research in the literature, it seemed that, nowadays, there are no developed methods, such as the use of an AHS without specific atmospheric correction and without the use of ancillary data (i.e., a radiosonde), to calculate the LST from the image data. On the other hand, the entire technique presented in this letter aims at increasing the level of automatism in extracting the building temperature considering only the processing of the image data. In fact, one of the purposes of this letter is to investigate on the price to be paid in terms of error on the sought final quantities for increasing the level of automatism. In the next paragraphs, we explain how we tried to estimate both the emissivity and water vapor content directly from the used AHS image. However, first of all, georeferencing and a conversion from radiance L i (in milliwatts per steradian square meter micrometer) to temperature T i (in kelvin) for thermal bands have been applied with Planck's formula considering the following:
where a and b are optimized coefficients (see Table II ) provided by the INTA for AHS flights.
A. Emissivity
The land surface emissivity (ε) is a proportionality factor that scales the blackbody radiance (Planck's law) to predict the emitted radiance, and it is the efficiency of the transmitting thermal energy across the surface into the atmosphere. An automatic way to calculate this parameter is with the normalized difference vegetation index (NDVI) threshold method NDV I
THM [17] , whose assessment by comparison with other TABLE II  APPLIED COEFFICIENTS TO CONVERT  RADIANCE TO TEMPERATURE (INTA) more complex methods has already been carried out in [16] . It has to be observed that these latter complex methods rely on temperature emissivity separation (TES) and temperatureindependent spectral index algorithms which, assuming an atmospheric correction of the data by means of radiative transfer models such as MODTRAN [18] , perform better results but do not permit a high level of automation.
B. Water Vapor
The knowledge of the total atmospheric water vapor content is necessary to improve the precision of the estimates of the LST obtained from satellite data by means of split-window algorithms. Radiosonde data represent one way to obtain the atmospheric water vapor content: However, this is not always possible, also considering that the radiosonde observations are not carried out in a systematic way. Considering the fact that there are no methods to calculate water vapor from AHS data without using radiation transfer models, a methodology has been proposed based on the split-window technique [19] , [20] and starting from the following expression:
where W is the atmospheric water vapor content in grams per square centimeter and T i and T j are the at-sensor brightness temperatures measured in two different thermal bands higher than the ground-truth data. Now, all the terms in (2) have been calculated, and the LST map can be yielded. 
V. RESULTS
To verify the accuracy of the building extraction method, 2500 pixels for each class have been chosen to represent the ground truth: The overall accuracy of the classification reached a satisfactory level, with a value of 83.7%. In Table IV , the improvement with the used method, adding different texture windows and the supervised step, is shown. The method picked up some pixels which are not covered by buildings; in particular, there are some misclassification errors with the roads and bare soil. Afterward, the building mask and the LST map have been merged to display the building surface temperature map (see right of Fig. 2 and a detail in Fig. 3) . From the first qualitative analysis, we distinguished a colder area in the north part of the swath (which is located at a higher altitude) and individuated the areas of the city characterized by higher temperature values, such as an industrial site in the southern part. A more quantitative assessment was performed considering the AHS LST values. Due to an insufficient number of specific ground truths in the correspondence of buildings during the AHS flight, the assessment was carried out, relying on the TES method for the emissivity and on the radiosounding measurements for the water vapor estimation [15] , as a benchmark. We remind that this latter method is considered as the "state of the art" of the LST retrieval. The statistics of the results is shown in Fig. 4 . On a set of 80 buildings randomly selected over the image mask, a rootmean-square error (rmse) value of 1.59 K has been obtained. A generally good correlation (0.99) between the estimated values obtained with the proposed method and the values obtained with the radiosoundings and TES method can be observed.
VI. CONCLUSION
In this letter, an image processing methodology stemming from the fusion of different and last generation remote sensing techniques, such as the automatic image classification with NNs and LST retrievals from hyperspectral data, has been presented. The final result is an original scheme for the production of building temperature maps over urban areas. On its turn, the image classification is achieved through an innovative mixed approach where the buildings are extracted automatically by combining Kohonen's SOM and an MLP network. In both topologies, either the spectral or textural features of the AHS images have been considered. With the thermal information acquired from the same airborne scanner, the building surface temperature map at high spatial resolution has been yielded in the optic to reduce, as much as possible, the use of ancillary information (i.e., radiosoundings and atmospheric correction) usually necessary for more standard techniques. The method has been applied to an image taken over the city of Madrid, and the obtained results show an rmse of 1.59 K if a comparison with the TES method is performed. Considering that an increased use of hyperspectral imagery for UHI management can be foreseen for the next years, the developed technique may contribute to improve the characterization of the building heat transfer processes in the more general context of energy balance models [21] .
